The increasing rate of obesity in the U.S., particularly among low income households, necessitates a thorough understanding of the relationship between obesity and in-kind federal benefits such as the Supplemental Nutrition Assistance Program (SNAP), formerly the Food Stamp Program.
Introduction
The obesity rate among U.S. adults has more than doubled over the past few decades, from around 15% in the 70s to over 35% by 2010 (Ogden et al., 2014 . Obesity has a number of detrimental effects on a person's overall health and on the general health care system (Rosin, 2008; Finkelstein et al., 2009; Cawley & Meyerhoefer, 2012) , as well as decreased labor productivity and wage growth (Bhattacharya & Bundorf, 2009 ). The alarming obesity trend and associated health problems have spurred a flurry of economic research, much of which finds that obesity rates are more prevalent among lower income households (Rosin, 2008) .
Subsequently, since lower income populations are more likely to rely on federal nutrition assistance, the relationship between obesity and federal nutrition assistance programs is of obvious interest to policy makers. The largest of these nutrition programs is the Supplemental Nutrition Assistance SNAP's dramatic growth and its role in determining diets among lower income households necessitates a thorough understanding of the relationship between SNAP participation and obesity, which several authors have analyzed. The general finding, although not universal, is that SNAP participation tends to increase adult obesity rates among women with no significant effects for men (Townsend et al., 2001; Gibson, 2003; Chen et al., 2005; Meyerhoefer & Pylypchuk, 2008; Fan, 2010; Baum, 2011) . Recently, however, authors have also been concerned with misclassification of SNAP participation, with estimated misreporting rates over 30% in some studies (Bollinger & David, 1997; Meyer et al., 2009; Vassilopoulos et al., 2011; Kreider et al., 2012) . Yet despite the growing awareness of misreporting of SNAP benefits, few studies have re-considered the relationship between SNAP participation and adult obesity when allowing for such misclassification.
In this paper, we revisit the question of whether SNAP participation affects adult obesity when accounting for misreported participation status. We pursue a range of alternative procedures for estimating the average treatment effect (ATE), including fixed effects (FE), fixed effects with instrumental variables (FE-IV), a misreporting adjusted estimator based on Hausman et al. (1998) , Frazis & Loewenstein (2003), and Brachet (2008) , as well as a non-parametric bounds analysis based on Manski & Pepper (2000) , Kreider & Pepper (2007) , Kreider et al. (2012) , and Gundersen et al. (2012) . Our analysis is based on data from the restricted-use National Longitudinal Survey of Youth -1979 Cohort (NLSY79) .
1 Data available at http://www.fns.usda.gov/pd/supplemental-nutrition-assistance-program-snap.
Our results suggest that respondents under-report SNAP participation by between 30 and 50%, and failure to account for such misreporting generates a significant upward bias in the ATE point estimates. Based on the derivations in Frazis & Loewenstein (2003) , standard linear IV estimates are upward biased by over 100% given our estimated misreporting rates. Fixed effects IV models are similarly upward biased, with estimated ATEs exceeding the nonparametric upper bounds by more than 200% under reasonable assumptions on the selection process and misreporting rates. After accounting for misreporting, the results for the effect of SNAP participation on obesity are largely inconclusive. We find some evidence that SNAP participation may decrease the probability of being overweight among the full sample; however, due to the large amount of misreporting (particularly among men), these results are inconclusive when identifying effects specifically by gender.
The remainder of this paper is organized as follows. In Section 2, we briefly discuss previous literature regarding SNAP participation and obesity. Sections 3 and 4 summarize the data and methodology used in our analysis. Sections 5 presents the results, and Section 6 concludes.
Literature Review

SNAP Participation and Obesity
The general finding in the literature is that SNAP participation is positively related to BMI and obesity in adult women, but not in men (Ver Ploeg & Ralston, 2008) . Gibson (2003) and Baum (2011) examined this relationship with fixed effects models using data from the NLSY79, finding a 2-3 percentage point increase in the probability of being obese following SNAP participation for adult women. Adopting a difference-in-difference approach with propensity score matching, Fan (2010) also estimated the effects of SNAP participation on adult obesity using data from the NLSY79; however, he found no statistically significant effects of SNAP participation on BMI or probability of being overweight or obese. Using data from the Medical Expenditure Panel Survey (MEPS), Meyerhoefer & Pylypchuk (2008) adopt an instrumental variables approach and find that SNAP participation increases the probability of being obese by 6.7% among adult women with no statistically significant effects on adult men.
There are several theoretical arguments as to why SNAP participation and obesity may be positively related, stemming largely from one of three general concepts: 1) the Food Stamp Cycle; 2) the in-kind nature of SNAP benefits; and 3) the propensity for lower-income households to purchase less healthy foods. The first hypothesis, the Food Stamp Cycle, describes a behavior whereby SNAP participants exhaust their benefits non-uniformly over the course of the month, with more benefits redeemed at the beginning of the month than the end of the month or vice versa. This results in periods of food surpluses and overeating followed by periods of food shortages and undereating, a pattern in which both children and adults tend to gain weight (Blackburn et al., 1989; Polivy et al., 1994; Dietz, 1995; Fisher & Birch, 1999) . In research specifically related to the SNAP program, Wilde & Ranney (2000) and Hastings & Washington (2010) find evidence of such chronic dieting behavior among SNAP participants.
A second hypothesis linking SNAP participation and obesity involves the in-kind nature of SNAP benefits. Since SNAP benefits must be used on food, households with an excess allowance may either allow their benefits to go unused or purchase more food than they otherwise would, and there is evidence that SNAP participants are more likely to choose the latter (Devaney & Moffitt, 1991; Fraker et al., 1995) . For example, Fox et al. (2004) find that households increase food expenditure by up to $0.47 on average for every dollar of SNAP benefits received. Recent studies, however, have failed to report significant differences in households' use of SNAP benefits compared to pure cash income (Hoynes & Schanzenbach, 2009 ).
Finally, a third theoretical explanation derives from the type of foods purchased by SNAP participants. In particular, lower income households are known to rely on diets relatively higher in calories and fat compared to healthier, more expensive fruits and vegetables (Dowler, 2003) . Cole & Fox (2008) reached similar conclusions, finding that SNAP participants' diets contained more solid fats, alcoholic beverages, and sugars compared to SNAP-eligible non-participants and higher income individuals.
Misreporting of SNAP Participation
As research on the empirical relationship between obesity and SNAP grows, so too grow concerns over the extent and effects of misclassification of SNAP participation. There are essentially two forms of misclassification: 1) false positives, which occur when individuals report participating in the program but in fact do not participate; and 2) false negatives, which result from individuals' failure to report their participation when in fact they do participate. When ignored, the presence of misreporting in any direction is known to substantially bias one's results (Aigner, 1973; Bollinger & David, 1997; Hausman et al., 1998; Black et al., 2000; Lewbel, 2007; Frazis & Loewenstein, 2003; Brachet, 2008; Millimet et al., 2010; Kreider et al., 2012) . Estimates of over-reporting in food stamp data are often less than 1% (Bollinger & David, 1997) .
However, this varies across datasets and may also depend on the specific form of question asked.
For example, Goerge et al. (2009) reports false positive rates as high as 18% among food stamp eligible households around Chicago. The authors also indicate that the time frame covered by the survey question may influence under-and over-reporting rates. For example, the question of "do you currently receive food stamp benefits," as posed in the SIPP, may be an easier question to accurately answer than "have you received food stamps in the previous 12 months."
Existing Methods with Misreported Treatment
Although estimated misreporting rates clearly differ across datasets, the common theme is that misreporting is prevalent in surveys of SNAP participation and that, without accounting for such misreporting, standard point estimates may be substantially biased. Estimating coefficients with a mismeasured binary regressor is the subject of a relatively small but growing literature.
2 Mahajan (2006) considered a nonparametric model with a mismeasured binary regressor. Under the appropriate assumptions, including the existence of an instrument which is correlated with the true binary variable but unrelated to the measurement error, he shows that the conditional mean and marginal effects are identified and derives nonparametric and parametric estimators. Hu & Schennach (2008) propose an alternative estimation procedure that also allows for a more general discrete (not necessarily binary) mismeasured regressor. Lewbel (2007) further considers the estimation of average treatment effects with mismeasured treatment, relaxing some of the conditional independence assumptions but requiring the instrument to take on more unique values relative to Mahajan (2006) .
Identification in models such as Mahajan (2006) , Lewbel (2007) , and Hu & Schennach (2008 and bound the estimated ATE using a range of assumptions on the selection process and extent of misreporting (Manski & Pepper, 2000; Kreider & Pepper, 2007; Kreider et al., 2012; Gundersen et al., 2012) . Ultimately, our analysis considers a range of point estimates and bounds, the details of which are discussed in Section 4.
Data
Our analysis is based on data from the National Longitudinal Survey of Youth -1979 Cohort (NLSY79) . 
Methodology
Our overall goal is to estimate the average treatment effect (ATE) of SNAP participation on being obese or overweight in light of both self-selection into treatment as well as misreporting of treatment status. We pursue both a point estimation of the ATE based on methods described in Hausman et al.
(1998), Frazis & Loewenstein (2003), and Brachet (2008) , as well as partial (or set) identification of the ATE using a nonparametric bounds approach following Manski & Pepper (2000) , Kreider & Pepper (2007) , Kreider et al. (2012) and Gundersen et al. (2012) . We present the details of both approaches throughout the remainder of this section.
Parametric Approach
Consider the linear model
where y i denotes the outcome of interest (i.e., whether the respondent is obese or overweight), T i denotes treatment status, x i is a vector of respondent and household characteristics, and ε i is an error term. As has been well-documented in the literature, estimation of equation 1 by ordinary least squares (OLS) is subject to omitted variables bias (Gibson, 2003; Kaushal, 2007; Meyerhoefer & Pylypchuk, 2008; Baum, 2011) . Moreover, if T i is misreported, estimates of γ in equation 1 by both OLS and instrumental variables (IV) will be biased (Aigner, 1973; Hausman et al., 1998; Black et al., 2000; Frazis & Loewenstein, 2003; Lewbel, 2007; Brachet, 2008) . This bias due to misreporting is particularly important given the extent of misreported SNAP participation in household surveys We denote observed treatment status by T i and true (unobserved) treatment status by T * i , where As an alternative to the linear IV model, we can restore point estimation by modeling the misreporting process directly. Assuming misreporting probabilities are random and constant across individuals, we denote the conditional misreporting probabilities by
where α 0 denotes the probability of a false positive (reporting participation in SNAP when in fact the respondent does not participate) and α 1 denotes the probability of a false negative. The conditional expectation for the observed treatment status is then
where F ν (·) is the cumulative distribution function (CDF) of ν i . Assuming a functional form for F ν (·) and assuming α 0 + α 1 < 1, Hausman et al. (1998) propose the estimation of α 0 and α 1 using nonlinear least squares (NLS) by minimizing
Extending Hausman et al. (1998 ), Brachet (2008 proposes an alternative estimator in which δ is estimated from equation 3 in the first stage, and the second stage then estimates equation 1 after replacing the observed treatment status with the predicted treatment status. The second stage therefore estimates the equation,
The methods described in Hausman et al. (1998) and Brachet (2008) 2. Form the predicted true treatment status,P it = F ν (z itδt ), for each year.
3. Estimate a standard linear fixed effects model,
For convenience, we term this estimator the misreporting-adjusted fixed effects (MA-FE) estimator.
Nonparametric Bounds
Our bounds estimates follow closely that of Kreider & Pepper (2007) and Kreider et al. (2012) . Here, we present the intuition of our estimates and the alternative assumptions employed. Additional discussion is provided in Appendix A. Generally, the bounds rely on observed sample averages and differences in these averages between the treated and untreated groups. Alternative formulas for the bounds then follow from two broad considerations.
The first is self-selection into treatment. As is always the case in the potential outcomes framework, the sampling process alone cannot identify the expected outcomes conditional on counterfactual treatment status. The assumption of exogenous treatment selection (random treatment assignment) avoids this problem altogether such that the ATE can be estimated purely from sample averages for the treated and untreated subsamples. Conversely, the worst-case selection bounds make no assumptions on the selection process. With a binary outcome, the counterfactual expected values necessarily fall in the [0, 1] interval, and the worst-case selection bounds exploit this fact to bound the overall ATE.
In addition to the exogenous selection and worst-case selection bounds, we also consider bounds under the monotone treatment selection (MTS) and monotone instrumental variable (MIV) assumptions. In our setting, MTS assumes that obese or overweight individuals are more likely to receive SNAP benefits. As such, the upper bound on the estimated ATE should be lower relative to the worst-case selection bounds, since some amount of the observed differences in probabilities of being obese or overweight are accounted for by self-selection. Finally, the MIV assumption implies that the probability of a good outcome is weakly monotonically increasing with an observed covariate. In our case, we use household income as our MIV, and the MIV assumption is that respondents with higher incomes are less likely to be obese . Combined with the MTS assumption, the mechanics of the MIV estimator are such that we form alternative MTS bounds for different values (or range of values) of the MIV, and we then take a weighted average of all such bounds to form the overall ATE bounds.
A second consideration is the potential misreporting of treatment status. Broadly, the presence of misreporting widens the ATE bounds relative to the assumption of no misreporting, and the extent to which the bounds widen depends on the assumed level of misreporting in the data. In our application, we assume maximum overall misreporting rates of 1%, 2%, 5%, and 10%. As discussed in more detail in Section 5, we also consider gender-specific misreporting rates of 20% and 30% among women and men, respectively, which provides a more direct comparison between the point estimates and the nonparametric bounds. Finally, for consistency with existing survey evidence on the nature of SNAP misreporting, we consider the case of no false positives. This assumes that no individual reports having received SNAP benefits when in fact they did not.
Results
We discuss separately our results on the estimated misreporting rates, the ATE point estimates, and the ATE nonparametric bounds. Note that, consistent with the literature, the point estimates and nonparametric bounds adopt different definitions of the misreporting probabilities (conditional versus unconditional, respectively). We first discuss these results separately, and we compare the different sets of results more directly in the final subsection 5.4.
Extent of Misreporting
Our analysis begins by first estimating the misreporting probabilities, α 0 and α 1 , from equation 3. The results based on the full sample as well as specific estimates for each year and gender are summarized in Table 2 . Consistent with the existing literature, we find high rates of misreporting in the NLSY79, with false positives close to 0 and false negatives ranging from 23% to 45% in the full sample and 57% to 72% among men. We also find variable misreporting rates across time. Our misreporting estimates collectively suggest three important findings: 1) misreporting is prevalent in the NLSY79 data; 2) misreporting is pervasive, particularly among men, and predominantly takes the form of underreporting of benefits; and 3) misreporting rates are highly variable across gender and across time.
From Frazis & Loewenstein (2003) , the misreporting rates in Table 2 imply that standard linear IV estimates are overstated by a factor of between 1.4 and 2.1, with ranges of 1.7 to 2.2 for women and 2.8 to 4.2 for men. Such high rates of misreporting and the subsequent upward bias in linear IV estimates are critical to our understanding of the true effect of SNAP participation on obesity, suggesting that existing estimates aimed at controlling for endogeneity via instrumental variables are overstating the true treatment effects by well over 100%.
Parametric Approach
Results for the effect of SNAP on the probability of being obese are summarized in Table 3 . Table 4 presents the analogous results for the estimated effect of SNAP on the probability of being overweight.
In addition to the MA-FE estimator, we include for comparison purposes the results from a fixed
effects (FE) model and fixed effects with instrumental variables (FE-IV). Standard errors in the FE
and FE-IV estimators are clustered at the individual level, and the standard errors for the MA-FE estimator are derived from 200 bootstrap replications.
Our FE-IV and MA-FE estimators each adopt two instruments: 1) whether the state uses biometric identification technology; and 2) the percentage of SNAP benefits issued by direct mail in each state. To assess the appropriateness and strength of our instruments, we present the first-stage IV results in Table   5 . Among the overall dataset as well as females specifically, these first stage regressions generally yield high and significant global F -statistics, and tests of overidentifying restrictions generally provide low and insignificant Hansen's J -statistics. The first-stage results therefore suggest that our instruments are highly correlated with reported SNAP participation and that our instrument set is appropriate for our analysis of the full sample and for a separate analysis of females. For males, however, the global F -statistics are low and insignificant suggesting that our instrument set is a weak predictor of SNAP participation among men.
In general, our three estimators produce mixed results on the effects of SNAP participation on the probability of being obese, controlling for a full set of demographic characteristics and year dummies (Table 3 ). The FE estimates suggest a positive effect of SNAP on the probability of being obese for the full sample and for men in particular, with SNAP participation increasing the probability of being obese for the full sample of adults by 2 percentage points, statistically significant at the 5% level. The effect for men is larger, predicting a 5.4 percentage point increase and significant at the 1% level. Meanwhile, SNAP participation has virtually no effect on women's probability of being obese.
The FE-IV estimates tend to be larger in magnitude, but are not statically significant at conventional levels. Moreover, with the exception of men, the estimated effects vary in sign depending on which instruments are used, with the full-sample FE-IV estimates ranging from a decrease of 22.1 to an increase of 14.2 percentage points. Among women, the FE-IV estimates range from a decrease of 20.3 to an increase of 18.8 percentage points. Interestingly, regardless of which exclusion restriction is applied, the effects of SNAP for men are all negative ranging from a decrease of 8.9 to 29.9 percentage points. Finally, the MA-FE estimates more closely resemble the FE results, where we estimate small (and insignificant) positive effects of SNAP participation on the the probability of being obese.
The effects of SNAP participation on the probability of being overweight are similarly mixed between the three estimators (Table 4) . With the FE estimates, we find that SNAP participation has practically no effect for both the full sample and for men and women separately. The FE-IV results suggest a positive effect of SNAP participation for all three groups, although the estimates are insignificant when estimating separately among men or women. For the full sample of adults and with the biometric identification as an instrument, participation in SNAP increases the probability of being overweight by 41 percentage points and is statistically significant at the 10% level. When we incorporate both instruments, we estimate an increase in the probability of being overweight of 32.4
percentage points, again statistically significant at the 10% level. By contrast, our MA-FE estimates suggest a negative effect of SNAP participation on the probability of being overweight, with SNAP participation reducing the likelihood of being overweight for our full sample of adults by 3.5 percentage points. The effects for men and women separately are also negative, but smaller and not significant at conventional levels.
We therefore do not find significant effects of SNAP on weight outcomes for low-income men or women as the point estimates from all three estimators are generally indistinguishable from zero when examining each gender separately. However, for the full sample of adults, it appears that although the FE-IV estimator suggests a positive effect of SNAP on overweight status, standard FE estimates as well as our MA-FE estimator suggest that SNAP may have the opposite effect on overweight status or simply no significant effect at all.
Nonparametric Bounds
The FE and FE-IV results are robust to time-invariant, individual-specific misreporting. However, the misreporting estimates by year in Table 2 do not support a hypothesis of time-invariant misreporting rates. The misreporting estimates by gender further suggest correlation between misreporting probabilities and observed covariates. Therefore, the columns in Tables 3 and 4 , as well as other methods of point estimation proposed in the literature (Frazis & Loewenstein, 2003) , are subject to some degree of bias and inconsistency. In the absence of appropriate instruments to control for misreporting, we adopt a nonparametric bounds analysis to provide a more complete picture of the range of possible effects of SNAP participation on weight outcomes. Table 6 presents the full-sample nonparametric bounds on the estimated ATE of SNAP participation on obesity. Each range in brackets reflects the ATE bounds under alternative assumptions regarding the selection process and magnitude of misreporting. The "arbitrary misreporting" column allows for misreporting in both directions (false positives and false negatives) bounded above by the assumed error rates in the "error rates" column, while the "no false positives" column assumes P (T = 1, T * = 0) = 0 with false negatives still bounded above by the relevant error rate. Each of the four panels of the table refers to a different assumption on the selection process (exogenous selection, worst-case selection, MTS, and MIV). For example, assuming exogenous selection and no misreporting, the estimated ATE is a 6.3 percentage point increase in the probability of being obese. Conversely, assuming MTS with a misreporting probability of 10% and no false positives, the estimated ATE ranges from -0.486 to 0.358 (between a 48.6 percentage point decrease and 35.8 percentage point increase in the probability of being obese). Tables 7 and 8 present analogous results specifically for women and men, respectively.
The results clearly highlight the potential impact of misreporting, where the ATE bounds include negative values even for very small levels of misreporting, and similarly for different assumptions on the selection process. The results for men are particularly sensitive to nearly any amount of misreporting, while the increase in obesity for women (assuming exogenous selection) persists with up to 1% misreporting. In this sense, the results are broadly consistent with existing results in the literature that SNAP has a more significant effect on women than for men.
More generally, across almost all assumptions regarding selection and misreporting, our ATE bounds on the effect of SNAP participation on obesity tend to include 0 for both men and women.
Allowing for selection, the lower ATE bound increases much more for women than for men. For example, with 5% misreporting and worst-case selection, SNAP participation among men leads to between a 72 percentage point increase and a 38 percentage point decrease in the probability of being obese (Table 8) , while women incur between a 62 percentage point increase and 48 percentage point decrease in the probability of being obese (Table 7 ). This suggests that existing studies finding an increase in obesity for female SNAP participants may not fully account for the selection process. These bounds significantly tighten if we further allow for household income as a monotone instrumental variable. In this case (again with 5% misreporting), the ATE bounds reveal between a 16 percentage point increase and 33 percentage point decrease in probability of obesity among men, and between an 8 percentage point increase and 43 percentage point decrease in the probability of obesity among women.
As is often the case when bounding the ATE, we cannot definitively sign the effect of SNAP on adult obesity. However, the results are important from a program evaluation perspective. For example, if the additional costs from a 15 percentage point increase in adult obesity are such that the the benefits of SNAP (e.g., reduction in food insecurity) still exceed the costs, then the SNAP program would still pass the standard cost-benefit assessment. In this sense, our results offer a best-case and worst-case scenario in terms of the benefits or additional costs due to changes in adult obesity following SNAP participation.
Tables 9-11 present the results for SNAP participation on being overweight, analogous to the estimates on obesity in Tables 6-8 . Here, under the MIV and MTS assumptions, we can sign the ATE even when allowing for some small amount of misreporting. If we further assume no false positives, then we see from the bottom panel of Tables 10 and 11 that SNAP participation decreases the probability of being overweight for both men and women, allowing for up to 5% misreporting for men and 2% misreporting among women. But when allowing for misreporting rates more consistent with those estimated in Table 2 , the estimated bounds include zero, and we cannot definitively sign the effect of SNAP participation on the probability of being overweight.
Comparison of Methods
A direct comparison between the parametric estimates and the nonparametric estimates is complicated by the different definitions of misreporting adopted in the two approaches. Namely, the misreporting probabilities discussed in Hausman et al. (1998) , Frazis & Loewenstein (2003) , and Brachet (2008) are conditional, defined as the probability of the observed outcome conditional on the true outcome.
The misreporting probabilities in the bounds literature, however, are unconditional joint probabilities of observed and true outcomes. The conditional misreporting probabilities summarized in Table 2 for the full sample, along with the observed rate of SNAP participation in our sample (21%), imply P (T = 0, T * = 1) = 0.115 and P (T = 1, T * = 0) = 0.026.
Therefore, for the full sample, the nonparametric bounds most consistent with our estimated mis-reporting rates are those with an assumed 10% misreporting and no false positives. For females and males specifically, the estimated conditional probability of a false negative is closer to 20% or 30%, respectively, again with very small rates of false positives. The bottom row of each panel in Tables 6-11 presents the estimated ATE bounds under each of these scenarios, which we can then more directly compare to the point estimates in Tables 3 and 4.   Table 12 presents a more concise summary of our results, focusing only on the bounds most consistent with the observed misreporting rates. Specifically, Table 12 
Conclusion
Many surveys of SNAP participation are known to suffer from high rates of misreporting. In this paper, we examine this issue in detail using data from the NLSY79. In addition to estimating misreporting rates of SNAP participation in these data, we revisit the estimation of the relationship between SNAP participation and weight outcomes in light of our estimated misreporting probabilities. We pursue a variety of estimation strategies, including several alternative parametric approaches as well as nonparametric bounds.
Our results are reflective of the conflicting evidence in the existing literature and highlight the effects of misreporting on estimated treatment effects of SNAP participation on adult obesity. We estimate under-reporting of SNAP participation of between 26% and 48% overall, with under-reporting nearing 70% among men. We also find variable misreporting rates across time. The magnitudes of misreporting suggest that linear IV methods will tend to overestimate the ATE of SNAP participation on adult obesity by over 100% (Frazis & Loewenstein, 2003) . Relative to our nonparametric bounds estimates, we also find that fixed effects IV methods are similarly upward biased, with estimated ATEs exceeding the nonparametric upper bounds sometimes by more than 200% under reasonable assumptions on the selection process and misreporting rates. After accounting for misreporting, the results for the effect of SNAP participation on obesity are largely inconclusive. Meanwhile, we find some evidence that SNAP participation may decrease the probability of being overweight; however, due to the large amount of misreporting (particularly among men), these results are inconclusive when identifying effects specifically by gender.
Our results broadly suggest that, given the high rates of misreporting in the data, few conclusions can currently be drawn regarding the effect of SNAP on adult weight outcomes. The policy implications of our results are two-fold: 1) attempts to combat negative effects of SNAP on adult obesity are premature and should be reconsidered in light of more controlled studies or improved data collection;
and 2) existing survey measures of SNAP participation should be improved with additional clarifying questions or perhaps by cross-validating reported participation with government records of SNAP participation. Alternatively, we can forego the estimation of treatment effects on the extensive margin (i.e., participation versus non-participation) and focus on treatment effects at the intensive margin (i.e., expansion or reduction in benefits among existing participants). These effects at the intensive margin are the subject of Almada & Tchernis (2015), who find that expansion of benefits among existing SNAP participants does not increase adult obesity and may decrease obesity among adults living in households with children under 5 years of age. We first introduce the relevant notation in the nonparametric bounds literature, following closely that of Kreider & Pepper (2007) and Kreider et al. (2012) . In a potential outcomes framework with binary outcome Y , the ATE is given by
where Y (1) denotes the outcome with treatment, Y (0) denotes the outcome without treatment, and X denotes a vector of observed covariates. Denoting treatment status by the indicator T * , the observed outcome for a particular individual is given by
. We can then rewrite the elements of equation 5 as:
Equations 6 and 7 highlight two fundamental problems in estimating the ATE. Denote by Z * an indicator for whether reported treatment assignment is accurate or not, where Z * = 1 if T * = T and zero otherwise. We can then define the unconditional misreporting probabilities as follows:
, and
With this notation, equations 6 and 7 become
Bounds on the ATE can then be derived under varying assumptions regarding the extent of mis-
, and the nature of the selection process. Regarding misclassification, we consider two alternative scenarios: 1) the assumption of no false positives, P (Z * = 1|T = 1) = 1; and 2) an arbitrary upper bound on the extent of misreporting, P (Z * = 0) ≤ Q, for which we introduce the following notation:
, and (13)
Assumptions regarding the selection process are more involved and are discussed in the remainder of 
A.0.1 Exogenous Selection
The assumption of exogenous selection implies
Allowing for measurement error, T * is unobserved and these quantities can be rewritten as
Following Proposition 1 and A.1 in Kreider & Pepper (2007) , we can then estimate the ATE bounds as follows:
≤ AT E ≤ sup
Estimation proceeds by performing separate two-way grid searches for (b,b) and (a,ã) over the feasible region, where:
A.0.2 Worst-Case Selection Bounds
With no assumptions on the selection process, and allowing for arbitrary measurement error, the ATE bounds are derived directly from:
], and
A.0.3 Monotone Treatment Selection (MTS)
The worst-case bounds may be tightened if we are willing to impose some assumptions on the nature of the selection process. The MTS assumption assumes that expected potential outcomes move in a particular direction when comparing individuals in the treatment and control groups. We consider the case of negative selection (MTSn), where individuals in the treatment group are assumed to be more likely to experience a bad outcome conditional on treatment assignment. Denoting a good outcome by Y = 1 and allowing for measurement error, the ATE bounds with the MTSn assumption are:
.
A.0.4 Monotone Instrumental Variable (MIV)
The MIV assumption implies that the latent probability of a good outcome conditional on treatment The MIV assumption alone has no identifying power; therefore, following Kreider & Pepper (2007) and Kreider et al. (2012) , we combine the MIV assumption with the MTSn assumption.
Denote by ν the monotone instrument and assume without loss of generality that P [Y (1) = 1] and P [Y (0) = 1] are non-decreasing in ν. Defining u 1 < u < u 2 , the MIV assumption implies
Combining MIV and MTSn involves the following steps:
1. Split the sample into J cells, j = 1, 2, ..., J, based on values of ν, and let P j denote the sample fraction in cell j. a Based on waves 1996-2004, excluding individuals or households with income greater than 250% of the federal poverty line. Misreporting probabilities estimated using the methods in Hausman et al. (1998) with nonlinear least squares and Normal CDF. Boostrap standard errors in parentheses based on 200 iterations. *p < 0.1, **p < 0.05, ***p < 0.01 size, number of children, log income and log income squared, respondent's age, respondent education, and indicators for whether respondent is married, employed, living in an urban area, receives WIC benefits, has an elderly individual in the home, or has an infant in the home. Regressions for men exclude the WIC indicator, and year dummies are included in all regressions. *p < 0.1, **p < 0.05, ***p < 0.01 size, number of children, log income and log income squared, respondent's age, respondent education, and indicators for whether respondent is married, employed, living in an urban area, receives WIC benefits, has an elderly individual in the home, or has an infant in the home. Regressions for men exclude the WIC indicator, and year dummies are included in all regressions. *p < 0.1, **p < 0.05, ***p < 0.01 a Based on waves 1996-2004, excluding individuals or households with income greater than 250% of the federal poverty line. Standard errors in parenthesis clustered at the individual level. Additional covariates in the firststage regressions included household size, number of children, log income and log income squared, respondent's age, respondent education, and indicators for whether respondent is married, employed, living in an urban area, receives WIC benefits, has an elderly individual in the home, or has an infant in the home. Regressions for men exclude the WIC indicator, and year dummies are included in all regressions. *p < 0.1, **p < 0.05, ***p < 0.01 a Based on waves 1996-2004 for males only, excluding individuals or households with income greater than 250% of the federal poverty line. Terms in brackets reflect the lower and upper bounds of the ATE of SNAP on the probability of being obese (BMI > 30). See Appendix A for details on the estimation. a Based on waves 1996-2004, excluding individuals or households with income greater than 250% of the federal poverty line. Terms in brackets reflect the lower and upper bounds of the ATE of SNAP on the probability of being overweight (BMI ≥ 25 and < 30). See Appendix A for details on the estimation. a Based on waves 1996-2004 for females only, excluding individuals or households with income greater than 250% of the federal poverty line. Terms in brackets reflect the lower and upper bounds of the ATE of SNAP on the probability of being overweight (BMI ≥ 25 and < 30). See Appendix A for details on the estimation. a Based on waves 1996-2004 for males only, excluding individuals or households with income greater than 250% of the federal poverty line. Terms in brackets reflect the lower and upper bounds of the ATE of SNAP on the probability of being overweight (BMI ≥ 25 and < 30). See Appendix A for details on the estimation. Tables 3 -11 . The bounds in columns MTSn and MIV-MTSn are based on misreporting rates of 10% for the full sample, 20% among females, and 30% among males (with no false positives in all cases).
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b Results presented when using both instruments (direct mail and biometric identification) in the FE-IV estimation.
